ABSTRACT The number of approved patents worldwide increases rapidly each year, which requires new patent analytics to efficiently mine the valuable information attached to these patents. The vector space model (VSM) represents documents as high-dimensional vectors, where each dimension corresponds to a unique term. While originally proposed for information retrieval systems, VSM has also seen wide applications in patent analytics and is used as a fundamental tool to map patent documents to structured data. However, the VSM method suffers from several limitations when applied to patent analysis tasks, such as loss of sentence-level semantics and curse-of-dimensionality problems. In order to address the above limitations, we propose patent analytics based on feature VSM (FVSM), where the FVSM is constructed by mapping patent documents to feature the vectors extracted by convolutional neural networks (CNNs). The applications of FVSM for three typical patent analysis tasks, i.e., patents similarity comparison, patent clustering, and patent map generation, are discussed. A case study using patents related to the Internet of Things (IoT) technology is illustrated to demonstrate the performance and effectiveness of FVSM. The proposed FVSM can be adopted by other patent analysis studies to replace VSM, based on which various big data learning tasks can be performed.
I. INTRODUCTION
Patent analytics is a family of techniques and tools for analyzing the technological information presented within and attached to patents [1] . A patent document contains various data such as title, abstract, application and filed dates, inventors' names, claims, figures, International Patent Classification (IPC) codes, and citations. Hence, patent data comprises diverse and plentiful results of various technologies. For example, we could explain the evolution of a technology by analyzing the number of relevant patents filed by year. As a technology is usually dependent on a group sub-technologies, using text mining techniques for patent keywords, we may understand the technological linkages between sub-technologies. Moreover, we could identify key technologies through patent citation analysis. Therefore, analysis, visualization and interpretation of data included in patent documents are very useful in technology innovation
The associate editor coordinating the review of this manuscript and approving it for publication was Li He. and forecast. However, the global patent data set is huge by any measure, with millions of new patent documents and updates made public every week. Weeding through this data to obtain useful information is a crucial but daunting task for IP professionals. Patent data is well suited for big data tools and techniques because of the volume, variety and velocity of changes. Therefore, how to apply big data analytics and learning to the patent industry for substantially better analyzing and visualizing patent data has been a hot research topic in recent years [2] - [12] , [12] - [14] .
The generic patent analysis workflow usually includes three steps [1] . First, the patent documents related to the target technology are retrieved from patent databases. Next, the patent documents, which include a combination of structured and unstructured data, are transformed to structured data by employing text mining techniques. For example, the patent keywords related to the target technology can be extracted, based on which the patent-keyword matrix (structured data) is built. Finally, based on the structured data, the big data learning approaches including classification, regression, and clustering, etc., are used for various purposes, such as patent novelty detection and identifying patent quality, trend analysis and technology forecasting, managing R&D planning, etc.. The visual output of the patent data can be represented in the form of graphs, networks and patent maps [15] , [16] .
In the patent analysis process, how to generate and extract useful information from a patent to accurately characterize its key features in a concise format is one of the key issues. The vector space models (VSMs), which have been widely used in information retrieval and text clustering, have been adopted to represent patents in many existing literature [2] , [17] - [19] . VSMs represent documents as vectors with multiple terms. There are different methods to construct VSMs, and one popular method used in recent studies is to generate a weighted vector for each patent based on the term-frequency of each term (i.e., keyword) for the patent, scaled by the inverse document-frequency of each term [18] , [20] . In other words, a patent is represented by a vector of the term-frequencyinverse-document-frequency (TF-IDF) weights of its keywords. In this way, all the patents can be projected in the vector space, and metrics such as the Euclidean distances between different patents can be used to quantify their similarities.
While the VSMs can disambiguate documents, they also have some limitations. As we know, there are two levels of semantics for a paragraph of sentences; i.e., word-level semantics and sentence-level semantics. The latter is more complex, comprehensive and high-level than the former. Specifically, VSMs are constructed based on terms or keywords, which are bound to result in losing more or less sentence-level semantics. Moreover, a large number of terms are usually needed to accurately reflecting the key patent information, which may result in the curse-of-dimensionality problem leading to a catastrophe for further mathematical analysis based on VSMs. Finally, while it is computationally easy to derive the TF-IDF weights, VSMs may suffer from information loss that limits the patent analysis performance, such as accuracy in identifying patents similarities.
In order to overcome the above limitations, in this paper, we propose a new model referred to as the patent feature vector space model (FVSM). The FVSM is a space of patent feature vectors, where the feature vector of a patent corresponds to the one obtained from the pooling layer of a convolutional neural network (CNN). Different from VSMs which have a term-based dimensional space, the dimension of FVSM is abstract and based on the neurons of CNN. This is inspired by the successful applications of CNN in extracting the feature vectors of images, and also its breakthrough results in some Natural Language Processing (NLP) tasks, e.g., sentence classification [21] - [23] . Compared with the traditional VSMs, the proposed FVSM has the following three advantages. Firstly, the feature vector of a patent in FVSM is obtained by feeding sentences instead of only keywords as input data to the CNN, so that the sentence-level semantics can be captured. Second, by adjusting the number of neurons in the pooling layer of CNN, the space cardinality of FVSM can be flexibly controlled to avoid the curse-ofdimensionality problem. Finally, although the computational complexity of obtaining feature vectors of FVSM is larger than that of VSM, FVSM generally enjoys higher accuracy in characterizing the patent features thanks to the neural networks' internal ability in learning any non-linear functions. In this paper, we will demonstrate the superior performance of FVSM by applying it to several patent analysis tasks on the Internet-of-Things (IoT) technology, such as comparing patent-to-patent similarities and generating patent maps.
The main contributions of this paper lie in the following two aspects. First, we propose a novel method of extracting feature vectors from patent documents using CNN. Although CNN has been successfully adopted for NLP tasks as well as extracting feature vectors of images, it has seldom been used to extract feature vectors of documents. Our work demonstrates the capability of CNN in this task. Second, the FVSM construction addresses a fundamental problem in patent analytics -efficiently mapping patent documents to structured data. The proposed FVSM can be adopted by other researchers, based on which various big data learning methods can be applied.
The rest of the paper is organized as follows. The related works are summarized in Section II. In Section III, we provide a detailed description of the construction and application of the proposed FVSM. In Section IV, we perform patent analysis for IoT technology based on FVSM as a case study to demonstrate its performance. Finally, conclusion is given in Section V.
II. RELATED WORKS A. VECTOR SPACE MODEL
In VSM, documents are expressed as vectors and the corpus of document is mapped into a high-dimensional space. VSM was originally developed for the SMART retrieval system [24] , and has become one of the most robust methods in the field of Information Retrieval. The construction and application of VSM for patent analysis have been studied. In [18] , the entire USPTO patent space is mapped into a single vector space model. Specifically, a weighted vector for each patent document is generated based on the TF-IDF weights of each term for a patent (i.e., TF-IDF-based VSM). Based on this VSM, patent-to-patent similarity is calculated by the cosine of the angular separation between every two patents in the population. In [20] , TF-IDF-based VSM is used for technology forecasting. Specifically, patent documents concerning similar technologies are clustered by K-means clustering method in VSM. Next, in order to assign a definition for each technology cluster, Latent Dirichlet Allocation (LDA) is used to extract latent topics from patent documents. LDA is a generative probabilistic model of a collection of documents made up of terms. It estimates two tables as final outputs. The first table describes the probability of selecting a particular term when sampling a particular topic. The second one describes the probability of selecting a particular topic when sampling a particular document. Finally, vacant and saturated technology clusters are identified according to the number of patents in the clusters. TD-IDF-based VSM is also used to generate the topic distribution table for each document by LDA in [2] . Then, innovation topics and their relationship are identified by constructing innovation topic networks. One limitation of the above TF-IDF-based VSM is that co-occurrences of keywords are not considered. In order to address this problem, a keyword vector space based on word co-occurrences in close proximities in documents is obtained in [17] . Then, the vector for a patent document is represented as the center of gravity with keyword vectors comprised from it. Finally, a patent map is generated from this VSM by clustering patent documents according to degree of similarity of their document vectors. However, all the above VSMs suffer from loss of sentence-level semantics and curseof-dimensionality problems as discussed in Section I.
B. CONVOLUTIONAL NEURAL NETWORK FOR NLP
CNN is one of the most influential innovations in the field of image processing. Since the pioneer work by Collobert and Weston [25] , CNN has also in the past years shown break-through results in some NLP tasks, e.g., sentence classification [22] . A typical CNN structure consists of three types of layers from input to output -convolution, pooling and full-connection. For NLP tasks, word embeddings are often used as the first data processing layer in CNN as in [21] , [23] . Typically, word embeddings are pre-trained by optimizing an auxiliary objective such as predicting a word based on its context. Therefore, the learned word vectors can capture context similarity and semantic information. The pretrained word embedding can remain static or can be trained and fine-tuned with the other parameters of CNN.
To the best of our knowledge, there are currently only few work on applying CNN for patent analysis. In [3] , a neural network with one hidden layer is used for patent classification. In this paper, we will use CNN in a patent classification task. However, the purpose is to obtain the feature vector instead of the category for the patent.
III. PROPOSED METHOD
First, patent data is collected based on a specified rule (e.g., having the same patent class code), and all the selected patents make up one data set. Then, we need to pre-process the patent documents and convert the unstructured data (e.g., title, abstract) into structured data by text mining techniques. The main task in the pre-processing stage is to convert a patent document into an eligible input for the CNN. Firstly, the stop words, punctuation and the short words in the title and abstract which cannot constitute compound words are removed, and the rest of words are lemmatized and stemmed. Secondly, the unique terms from all the patent documents in the data set are identified and included in a term dictionary. Consider there are H unique terms in total, then each term is given an index ranging from 1 to H . Finally, a patent document in the data set with N terms is converted into an
, where t n , n ∈ {1, 2, · · · , N } is the index in the term dictionary of the n-th term in vector d, i.e., t n ∈ {1, 2, · · · , H }. Notice that the terms in vector d are arranged according to their sequence of appearance in the document, which means that the n-th term in d have (n−1) unique terms appearing before it in the patent document. In this way, the sentence-level semantics can be preserved for later analytical stages by CNN.
2) CNN ARCHITECTURE
In our proposed CNN as illustrated in Fig. 1 , the first layer embeds terms of patent text into low-dimension vectors. The next two layers extract the advanced features from the vector. Then, the full-connection layer adds dropout regularization and classifies the result with a probability using a softmax layer. The input to CNN is the N -dimensional vector d representing the text of a particular patent as discussed above. The output of CNN is the classification result of the patent. However, different from the typical NLP tasks such as sentence classification, our purpose in training CNN is to derive the feature vectors from the pooling layer for all the patents in the data set and use them to construct the FVSM.
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The purpose of the word embedding layer is to convert the N -dimensional input vector d for a patent with N terms into an (N × K )-dimensional matrix X, where the n-th row vector (n ∈ {1, · · · , N }) in X corresponds to the K -dimensional word embedding of the n-th term in d. In other words, each term in d is mapped to a K -dimensional vector by the word embedding layer.
To realize the above mapping function, an (H × K )-dimensional word embedding matrix W e ∈ R H ×K is used as the weight matrix between the input layer and word embedding layer as shown in Fig. 1 . The h-th row vector (h ∈ {1, · · · , H }) represents the h-th term in the term dictionary. Therefore, for the n-th (n ∈ {1, · · · , N }) term in the input vector d, we retrieve its vector representation as the t n -th row vector in the word embedding matrix W e . As a result, based on the N -dimensional input vector d, we can construct the (N × K )-dimensional matrix X as the output of the word embedding layer, which is used as input to the following convolutional layer for further processing.
Generally speaking, there are two approaches to obtain the word embedding matrix W e . The first approach is by the static method, where the word embeddings are directly obtained from an unsupervised neural language model, e.g., Word2vec, where the word embedding vectors were trained on 100 billion words of Google News and are publicly available [26] . For the static method, as the weights between the input layer and word embedding layer, i.e., the word embedding matrix W e , are static and not trained with the other parameters of CNN, we can also consider that the (N × K )-dimensional matrix X as the input to a CNN without word embedding layer. On the other hand, the second approach is to train W e along with the other parameters of CNN. The initial values of W e can be either randomly generated or set to be the pre-trained universal vectors such as those from Word2vec. In this paper, we adopt the second approach and train W e so that its values are specific to the patent data set.
b: CONVOLUTIONAL LAYER
The purpose of the convolutional layer is to mine the sentence to grasp a truly abstract representations comprising rich semantic information. Since a word embedding vector is an integral entity that is meaningless when divided apart, onedimensional convolutional is commonly used for NLP instead of the two-dimensional convolutional for image processing. Specifically, the width of the filter is fixed as K , which is the same as the length of the word embedding vector. The filters only slide through the (N × K )-dimensional matrix X along its longitudinal direction instead of along both longitudinal and transverse directions as shown in Fig. 1 . The length λ of the filters can be set to different values, which has physical implications as λ terms are convoluted together and their semantics are extracted as a whole to keep better context information. Generally speaking, larger values of λ correspond to longer filter length, and therefore can preserve more context information by convoluting larger number of terms at the same time. On the other hand, the value of λ should not be too large as this may compromise the wordlevel semantic information of the word embedding vectors, and also lead to large computation complexity.
Let W c ∈ R λ×K denote the (λ × K )-dimensional weight matrix between the word embedding layer and the convolutional layer, and b denote the bias value. Therefore, for the block of matrix X between the α-th row and (α + λ − 1)-th row, i.e., X α:α+λ−1 , the extracted feature value c α can be obtained as follows:
where ⊗ means the convolution of two matrixes and σ is the activation functions such as Sigmoid, Tanh, ReLU, etc.. As the filter slides through the matrix X with a step size of 1, an (n − λ + 1)-dimensional feature vector can be generated
Generally speaking, there can be multiple filters in a CNN and the size of the filters can be different. Consider there are θ filter sizes denoted by {λ 1 , · · · , λ θ }, and µ filters per filter size. Therefore, we can obtain µ × θ feature vectors {c i,j |i ∈ θ, j ∈ µ}. Note that the feature vectors obtained by filters with different sizes have different dimensions, and the dimension for a feature vector c i,j is N − λ i + 1.
c: POOLING LAYER
The purpose of the pooling layer is twofold. Firstly, the feature resolution is reduced to avoid overfitting. Secondly, it solves the problem that the convolutional layer feature vector dimensions are different for different patent documents. This is because that the dimensions of the feature vectors generated by the convolutional layer as discussed above depend on the number of terms N in a patent document (i.e., N − λ + 1 for a filter with length λ), while the value of N varies from patent to patent. As pooling selects a fixed number of elements from a convolutional layer feature vector to construct a new feature vector, this guarantees that the dimension of the pooling layer feature vector is independent of the value of N .
There are commonly two pooling strategies, i.e., maximum (MAX) pooling and average pooling. As MAX pooling demonstrates better performance for NLP [23] , we adopt MAX pooling in this paper. Consider that the ω largest elements are selected from a convolutional layer feature vector c = [c 1 , c 2 , · · · , c α , · · · , c N −λ+1 ] to construct a new vector, i.e.,ĉ
where c i is the i-th largest element in c. As there are µ × θ feature vectors {c i,j |i ∈ θ, j ∈ µ}, we denote the set of corresponding new vectors by {ĉ i,j |i ∈ θ, j ∈ µ}. The pooling layer feature vector is the concatenation of all new vectors, i.e.,Ĉ
which has a dimension of ω × θ × µ. The above pooling layer feature vector in (3) is the feature vector of a patent used to construct the FVSM.
d: FULLY-CONNECTED LAYER
The pooling layer feature vector is used as input to the fullyconnected layer, whose output is the classification result of the corresponding patent. A linear activation function is used for the fully-connected layer. Specifically, let m denote the total number of classes for the patents, and W l ∈ R m×(ω×θ×µ) denote the weight matrix for the fully-connected layer, and b l ∈ R m×1 denote the bias vector. Therefore, we can obtain the vector y ∈ R m×1 according to
and use Softmax to convert y to the probabilities that a patent belongs to different classes, which is the output of fullyconnected layer and CNN, i.e.,
The first application of our proposed FVSM for patent analysis is to assess patent similarity, which is also a typical application for VSM. For this purpose, we first design a number of patent triads with each triad consisting of three patents as a group, namely P, P + and P − . P denotes a base patent, while the other two patents P + and P − are provided for comparison with the base patent P. The difference between P + and P − is that the former is more similar to P than the latter. To quantify the patent similarity between any two patents based on FVSM, we can use three measures, namely, Euclidean distance d(Ĉ(P),Ĉ(P + )), Cosine of the angular separation cos(θ(Ĉ(P),Ĉ(P + ))) (i,e, Cosine similarity), and Jaccard index J (Ĉ(P),Ĉ(P + )) (i,e, Jaccard similarity) between the feature vectors of the two patents, where the feature vectorĈ(P) of patent P is derived according to (3) . Let p be a general notation for any of the three measures d, cos(θ) and J . Therefore, for each patent triad, we get two measure values, one for the similarity between P and P + , i.e., p(Ĉ(P),Ĉ(P + )) and the other one for the similarity between P and P − , i.e., p(Ĉ(P),Ĉ(P − )). Therefore the situation where p(Ĉ(P),Ĉ(P + )) < p(Ĉ(P),Ĉ(P − )) means that the result of patent similarity discrimination given by FVSM is consistent with that given by manual labeling. Finally for all the patent triads, we use the ratio between the number of consensus rating with the total number of ratings, i.e., the accuracy rate of patent similarity discrimination, as an indicator for the accuracy of FVSM.
2) PATENT CLUSTERING
Patent clustering is another application of the proposed FVSM for patent analysis. The clustering can be performed by K-means method, which is an unsupervised learning algorithm having advantages of succinct operation and efficient calculation to obtain reasonable clustering results. The accuracy of patent clustering using the K-means method depends on the choice of cluster number. Usually, there are two common methods for finding the appropriate number of clusters within a dataset, namely elbow method and contour coefficient method. In practical applications, we can select the number of clusters produced by either of them as the reference. An excellent FVSM or VSM generated by a patent analysis model will lead to a situation, where feature vectors symbolizing a group of similar patents tend to be clustered together. The group of patents are referred to as a patent cluster. We could forecast a vacant area of a given technology field by clustering patent documents and identify clusters with smaller number of patent documents as potential future technologies.
3) PATENT MAP
Although FVSM and VSM can be used for patent analysis as discussed above, it is difficult to visualize the constructed spaces due to their high-dimensionality. Therefore, we use dimensionality reduction methods to generate a patent map and visualize the clustering result by K-means. Generally speaking, there are two broad categories of dimensionality reduction methods, one is the linear methods such as Principal Component Analysis (PCA), while the other is the non-linear methods such as T-distributed Stochastic Neighbor Embedding (T-SNE). Compared with linear methods, non-linear methods generally have the advantages that the resulting images spread the distribution of each category, making the boundaries of each category clearer.
In this paper, we reduce all the patent feature vectors to two dimensions and generate a two-dimensionality patent map. We use different colors to represent different patent clusters generated by K-means, so that we can visualize the cluster distributions in the patent map. For example, a technology can be considered as relatively independent if the corresponding patent clusters are far away from the other patent clusters, and vice versa. Moreover, two technologies can be considered as closely related if there have overlapping areas between the two corresponding patent clusters.
IV. CASE STUDY: INTERNET-OF-THINGS
In this section, the patents related to Internet of things (IoT) technology are chosen to be analyzed as a case study in order to demonstrate the effectiveness and reliability of the patent analytics based on FVSM. IoT comprises smart devices with sensors, actuators, and communication modules that are connected to the Internet. It is a new revolution to the traditional Internet, which not only interconnects people but also ''things'', i.e., smart devices. IoT is expected to have significant applications in industry, agriculture, medical, transportation, etc., and to have huge impact on the world's economy and quality of life. IoT includes a group of enabling technologies that can be divided into identification, sensing, communications, computing, service, and semantics [27] . Therefore, identifying innovation patents of IoT technology and analyzing their development trends is with great importance for promoting the new IoT development.
Our investigation on IoT patents are mainly carried out through three steps, i.e., data collection and pre-processing, FVSM construction and FVSM application. In the last step, a quantitative evaluation is established for each application through specific score results. The details of each step are given as follows.
A. DATA COLLECTION AND PREPROCESSING
Firstly, the IoT related patents have to be collected as experimental data sets. We use the patent data from year 2016 to 2018 in United States Patent & Trademark Office (USPTO).
USPTO maintains a freely available database of patent data, where each patent is classified in one or multiple International Patent Classification (IPC) classes [28] . Only the patents under the IPC class of H04 are included for our study because this class covers most of IoT related technologies. Before filtering, all the patents in H04 have to be processed to remove the stop word and stem the words by Porter stemming in order to remove noise in the corpus [29] . Then, based on the stemmed IoT-related keywords and phrases, some of which are presented in Table. 1 for the sake of illustration, all the patents in H04 are filtered to generate the patent data set for experiments. Specifically, if a patent has a keyword or phrase as defined, it is included in the data set. In this way, 8942 patents are selected and their patent texts constitute a structured patent data set.
In order to extract feature vectors of the above patents using CNN, we need to first label the patents according to their classification results, based on which the CNN can be trained. Since the number of patents in the data set is too large, manually labeling the patents is not practical. Instead, we use LDA method to solve the labeling problem. LDA is a generative probabilistic model for collections of discrete data such as text corpora, in which each item of a collection is modeled as a finite mixture over an underlying set of topics. Each topic can be modeled as an infinite mixture over an underlying set of topic probabilities. By using LDA, we can conveniently calculate what topics are contained in the corpus and what keywords are contained in a topic in an unsupervised manner while taking the semantic information in the corpus into account. We compose all the patent texts in the data set into a corpus, and use the LDA model to extract a given number of topics, e.g., 8 , each of which can be regarded as a category. Based on the trained LDA model, we can calculate the patent-topic probability matrix, where each row vector indicates probability distribution of topics to a patent. The topic with the highest probability value in each patent can be regarded as its category, thus completing the labeling of the patent data set. In a nutshell, the IoT-related patents are classified according to their topics, and the topic of a patent is determined to be the one with the largest probability according to the LDA.
Remark 1 (Discussion on patent labeling methods):
In this paper, we apply LDA to derive the topics of the patents, which are used as the classification results. A simpler and more straightforward method is to use the IPC class number for classification. IPC provides a hierarchical system of language independent symbols for the classification of patents and utility models according to the different areas of technology to which they pertain [30] . Characters from an IPC code represent the field in which the patent belongs to. Every IPC code includes some hierarchies referred to as sections, classes, subclasses and so on from high-level to low-level. For example, the patents in our data set come from the IPC class H04, where ''H'' is the section representing the Electricity and ''04'' is the class representing the Electric Communication Technique. We adopt the subclasses of IPC code as the patent labels. We found that the patents selected for the IoT data set contain 11 subclasses in the IPC class H04. In other words, these patents belong to 11 categories. There are some advantages of using the IPC code as a category label such as simplicity and convenience. However, the relation between the category label and the text content of a patent is not obvious and convincing. If the training of CNN is based on the labels by IPC class number, the reliability of the FVSM obtained is not satisfactory. For example, in our experiments, it is found that the CNN classification accuracy rate fluctuates between 40% and 50% after training, which means that such labeling method is not a good option. Note that theoretically, the classification results obtained by any patent classification methods can be used to train the CNN. Fig. 2 illustrates the flow chart for training CNN and extract feature vectors to construct the FVSM used in the following applications. Here detailed information on the CNN hyperparameters and training process are presented, including the training method of the word embedding layer, the number and size of the convolution kernel, the pooling strategy, etc.
B. FVSM CONSTRUCTION
The weights of word embedding layer are initialized with the pre-trained word vectors given by Word2Vec [26] . Then, the weights of this layer is fine-tuned during the training process. In the convolutional layer, we set up θ = 3 types of convolution kernels with the sizes of 3, 4, and 5, respectively. The number of convolution kernels with the same size is set to µ = 100. Thus, after convolutional layer, a total of θ × µ = 300 convolutional layer feature vectors can be captured. In the pooling layer, the maximum pooling strategy is used to extract the largest value from each convolutional layer feature vector as output. After splicing each value which come from the output of the pooling layer, we obtain the 300-dimensional feature vector as the input into the classifier.
For the classifier, the dropout parameters need to be set to zero, which means that no data is discarded. This is because that our objective is to preserve the 300-dimensional feature vector as the training result without losing the information contained in any dimension. Although there exists the possibility of overfitting, all the information in the feature vectors can be reserved, which is essential to well exploit the FVSM and keep its integrity. Finally, the feature vectors pass through a fully connected layer and the probability of a given number of categories are generated as output.
In order to calculate the accuracy of the classification results, we adopt the l-fold cross-validation with l = 10. Cross-validation is a statistical method used to estimate the skill of machine learning models. Specifically, some patent samples in the data set are first selected as the test set. Then, the rest of the samples are randomly partitioned into l equal size subsamples. Of the l subsamples, a single subsample is retained as the validation data for testing the model, and the remaining l − 1 subsamples are used as training data. In the training process, random gradient descent algorithm with update rules of AdaDelta and a mini-batch size of 50 is used to train the neural network. The cross-validation process is then repeated l −1 times, with a different subsample chosen as the validation data in each time. Finally, all the trained CNNs are emulated by using the samples in the test set.
The results of classification accuracy of the CNN are shown in Table. 2. The average accuracy of the validation set is up to 88.4% while the average accuracy of the test set is up to 88.0%. The weights of the CNN with the highest accuracy of the test set are chosen for our further application, i.e., from the 2nd fold. In other words, the corresponding output of the pooling layer is taken as the feature vector of the patent.
C. FVSM APPLICATIONS 1) PATENT SIMILARITY
More than 200 patents are manually selected from the patent data set to construct the set of patent triads, i.e., {P, P + , P − }. As discussed in Section III-B-1), we derive the patent similarity measure values between patent pair (P, P + ) and patent pair (P, P − ) based on FVSM. By comparing the two similarity measure values, we can determine which patent, i.e., P + or P − , is more similar to the base patent P for each patent triad. The discrimination results are compared with the manual labeling results for all the patent triads to derive the accuracy rate.
According to the different levels of ''labeling difficulty'', we can divide the labeled patent triads into two sets, i.e., S 1 and S 2 . The ''labeling difficulty'' is lower for the former while higher for the latter. Specifically in S 1 , there is a clear similarity between the topics and keywords of 45712 VOLUME 7, 2019 FIGURE 4. IoT patent map with technology fields. P and P + , while the topics and keywords of P − are obviously different from those of P and P + . In S 2 , there is not much difference between the topics and keywords of P, P + and P − . An example that explains the difference between S 1 and S 2 is given in Table. 3.
Based on the aforementioned labeling strategy, we produce two sets of patent triads, i.e., S 1 with 156 patent triads, and S 2 with 61 patent triads. Then, the accuracy rates of patent similarity discrimination based on the proposed FVSM in terms of Euclidean distance as discussed in Section III-B on the two data sets are derived as shown in Table. 4. For comparison purposes, we also derived the accuracy rates of patent similarity discrimination based on TF-IDF-based VSM.
As expected, the accuracy rates of the proposed FVSM are consistently higher than those of TF-IDF-based VSM for both S 1 and S 2 . It can be seen that the FVSM method can reliably determine the similarity between patents. In addition, the accuracy rates of FVSM for S 1 is higher than that for S 2 , i.e., 91.0%, and 67.2%. This is because the former has a smaller ''labeling difficulty'' when designing the data set.
2) PATENT CLUSTERING
We first find the appropriate number of clusters κ using the elbow method. With increasing κ, the descending rate of SSE (Sum of Squares for Error) becomes slower and slower in the range of 5 to 50 clusters. It can be found that the curve has the highest curvature when κ = 18, i.e., the optimal value of κ is 18. i Thus, using the K-means method, we divided all patents into 18 clusters. Next, in each cluster, LDA is used to extract the representative keywords contained in all the patents to infer a definition for the technologies in that cluster. We adopt a method similar to that in [20] , where the top five keywords in the top two topics are used as the representative keywords for a patent cluster. The representative keywords contained in patent text of all the clusters with κ = 18 are given in Table. 5 (due to the space limitation, only the first 8 keywords of each cluster are shown here). Several clusters are chosen for illustration. For example, the second cluster contains keywords such as ''rfid'', ''tag'', ''wireless'', ''nfc'', etc., which means that the patents in this cluster are mostly related to RFID tag. The tenth cluster contains keywords such as ''antenna'', ''power'', ''signal'', ''phase'', etc., which means that the patents in this cluster are mostly related to radio frequency.
Therefore, it can be seen that the FVSM-based clustering analysis can well classify the IoT-related patents into different technology clusters, which makes it easier for researchers to discover the distribution of patents for various sub-technologies. In order to better visualize the patent distribution for IoT technology, we generate a two-dimensional patent map which is discussed as below.
3) PATENT MAP
The K-means clustering results of IoT-related patents can be visualized by generating the patent maps. We first apply a linear dimensionality reduction algorithm, i.e., PCA. We reduce all patent feature vectors into two-dimensional using PCA, and use different colors to represent different clusters to which the patents belong, resulting in a patent map as shown in Fig. 3(a) . Although the patent map obtained by the PCA algorithm can show that all the feature vectors are roughly gathered in several clusters, the distribution of various patents in this map is rather messy and even overlap in some places. Therefore, in order to obtain a patent map with better visualization effect, a non-linear dimensionality reduction algorithm, i.e., T-SNE, is used. As shown in Fig. 3(b) , it can be found that there is a clearer border between different clusters in the patent map obtained by using the T-SNE algorithm. This also proves from another aspect that the clustering results obtained by the aforementioned K-means method are convincing.
Based on Fig. 3(b) and Table. 5, we plot the IoT patent map in Fig. 4 . It can be found that some closely-related technology fields tend to cluster together in the patent map, such as audio, stream media and image processing, which may form a greater supercluster, such as multimedia related. It is interesting to notice that these superclusters are in accordance with the IoT architeture [27] , e.g., peripheral related supercluster corresponds to the perception layer, wireless communications and network related superclusters correspond to network layer, etc.. Moreover, some technology fields lie in the overlapping area and belong to different superclusters, such as the wireless network access cluster. This indicates that patents in those fields are related to more than one superclusters. By using patent maps, we can quantitatively represent specific patents and accurately locate them on the map, so as to analyze the situation of patents more effectively.
V. CONCLUSION
In this paper, a feature vector space model based on deep learning is proposed to extract features from patent texts. We have not only proposed a patent analysis method, but also applied it to analyze the patents in the IoT technology field. Based on a massive number of patents in IPC H04 of USPTO patent database, we have established a huge patent data set through text de-noising such as Porter stemming. Based on this data set, the validation of the proposed patent analytics is fully proved by the study on the IoT related patents. In terms of comparing patent similarities, it is shown that an accuracy of up to about 90% can be achieved. At the same time, using T-SNE as a dimensionality reduction method, we have clearly classified and visualized IoT related patents. In the next steps, we will further improve the neural network to achieve higher accuracy and generality.
